Shear wave velocity is a critical physical property of rock, which provides significant data for geomechanical and geophysical studies. This study proposes a multi-step strategy to construct a model estimating shear wave velocity from conventional well log data. During the first stage, three correlation structures, including power law, exponential, and trigonometric were designed to formulate conventional well log data into shear wave velocity. Then, a Genetic Algorithm-Pattern Search tool was used to find the optimal coefficients of these correlations. Due to the different natures of these correlations, they might overestimate/underestimate in some regions relative to each other. Therefore, a neuro-fuzzy algorithm is employed to combine results of intelligently derived formulas. Neuro-fuzzy technique can compensate the effect of overestimation/underestimation to some extent, through the use of fuzzy rules. One set of data points was used for constructing the model and another set of unseen data points was employed to assess the reliability of the propounded model. Results have shown that the hybrid genetic algorithm-pattern search technique is a robust tool for finding the most appropriate form of correlations, which are meant to estimate shear wave velocity. Furthermore, neuro-fuzzy combination of derived correlations was capable of improving the accuracy of the final prediction significantly.
Introduction
Shear wave velocity along with compressional wave velocity can provide invaluable data for reservoir characterization, geomechanical studies, and geophysical interpretation.
Precise determination of the shear component of sonic wave velocity is done through the labor intensive dipole sonic imager (DSI) at high cost in both time and money. Therefore, the quest for an accurate, rapid and cost-effective way of estimating shear wave velocity is inevitable. Due to some limitations in running DSI log, several researchers have introduced empirical correlations for estimating shear wave velocity from rock porosity and clay content [1] [2] [3] [4] . Furthermore, several researchers have presented empirical relationships between shear and compressional component of sonic wave velocity [5] [6] [7] [8] [9] . Neuro-fuzzy technique and genetic algorithm are powerful tools for handling regression and optimization problems. Hitherto, several researchers have investigated the individual applicability of these tools to geosciences-related problems [10] [11] [12] [13] [14] [15] [16] . This study comprises two major parts. Firstly, three different forms of correlation, formulating conventional well log data into shear wave velocity, are derived through the hybrid genetic algorithm-pattern search technique. Subsequently, a neuro-fuzzy algorithm is used to reap benefits of derived correlations and to compensate effect of overestimation/underestimation through the fuzzy rules. Although all elements of the proposed methods are novel, neuro-fuzzy integration of derived correlations significantly increases the accuracy of final prediction. The proposed strategy was successfully applied to the Asmari formation which is the major carbonate reservoir rock of Iranian oil field.
Preliminary Concepts of Used Methods

Hybrid Genetic Algorithm-Pattern Search and Derived Correlations
Genetic algorithm (GA), proposed by Holland [17] , is a global optimization tool which mimics biological process of natural evolution for solving widespread problems. GA follows a special terminology during optimization process.
The objective function meant to be optimized is called fitness function. Probable solutions of fitness function are called chromosomes. Each chromosome is made up of one or more genes which are representative of involved parameters in a fitness function. Optimization process of GA begins with a population of randomly generated chromosomes. Performance of each chromosome is assessed based on fitness function and assessed chromosomes are then ranked according to their performances. Top-ranked chromosomes are selected to be applied to genetic operators. Genetic operators provide a stochastic mechanism for alteration of chromosomes to constitute a succeeding population of new chromosomes. This process continues until an optimum solution is achieved. To fortify the genetic algorithm, a pattern search technique is linked to it. Pattern search techniques evaluate neighboring points of each chromosome in addition to evaluating each chromosome itself. If the rank factor of a neighbor point is greater than the current point, it substitutes with current point for next population. A general flowchart of a hybrid genetic algorithm-pattern search technique is illustrated in Figure 1 .
Several methods could be used for fitting a function to a set of data points. However, GA is a method for optimizing the fit of a function to some observations [18] . Three common types of equation, including power law, exponential, and trigonometric are employed to formulate conventional well log data into shear wave velocity. These equations are expressed as follows. (3) originates from TFS. In this study, the TFS are extended in a way that all coefficients involved in the TFS are assigned by hybrid genetic algorithm-pattern search technique. Finally, an exponential correlation (2) which is one of the popular statistical formulations was chosen to fit the dataset. The designed correlations will produce solutions with different natures that integration of them results in more accurate outputs.
Neuro-Fuzzy Technique
Fuzzy logic, firstly introduced by Zadeh [19] , is a mathematical tool for handling uncertainty. Unlike crisp logic which is based on crisp sets of 'true or false', fuzzy logic views problems as a degree of truth or 'fuzzy sets of true or false' [19] . A fuzzy inference system (FIS) is the process of formulating from a given input to an output using fuzzy logic [20] .
Artificial neural networks (ANNs) are computer models that attempt to simulate specific functions of the human nervous system [21] . This is done through non-linear processing nodes arranged in parallel structures called layer. The nodes of ANN are connected by fixed [22] , variable [23] , or fuzzy [24] weights.
ANNs have the ability of learning from training data. However, a structured human knowledge about the process, occurred in FL, exists.
Neuro-fuzzy systems combine the advantages of both ANN and FL systems. It constructs a FIS whose parameters of its membership functions can be tuned through the learning structure of NN.
Which factors affect shear wave velocity?
Shear wave velocity is governed by several factors, while lithology, porosity, pore type, pore distribution, fluid type, and clay content are the main factors that could be mentioned among others [25] . Therefore, those conventional well logs, which are influenced by mentioned parameters are chosen as inputs for models meant to estimate shear wave velocity. In this study, compressional wave velocity, thermal neutron porosity, formation true resistivity, shale volume, and bulk density were selected as inputs for the following reasons.
• Sonic wave velocities are governed by similar conditions in different magnitude. Therefore, compressional wave velocity (V ) shows a strong direct relationship with shear wave velocity (V ).
• RHOB log measures the bulk density of rocks.
Records of RHOB are governed by lithology (grain density) and porosity. As rock compaction increases, sonic wave velocity also increases.
• Thermal neutron porosity (NPHI) measures the hydrogen concentration in the formations. Since fluids (brine and hydrocarbon) filled the pore space of the rocks are the sole sources of hydrogen occurrence, NPHI has a relationship with core porosity. As the porosity increases, the shear wave velocity decreases.
• Presence of shale in the formation reduces the sonic wave velocity. Natural gamma ray (GR) log measures the radioactivity of formations. Radioactive elements, including potassium, thorium, and uranium accumulate in shaly zones. Therefore, shale volume can be obtained from the processing of GR log data.
• True formation (?) resistivity is dominated by porosity, pore type, pore distribution, and fluid type. Formation resistivity is influenced mostly by the effect of porosity [26] .
There is a direct relationship between velocity and resistivity. Based on this justification synthetic sonic logs can be created from the resistivity log [27] .
Most of the input data follow a normal distribution characterized by kurtosis of 3 and skewness of zero. However, R data, ranging from 1.88 to 286.85, follows a log-normal distribution. By taking the logarithm from Rt data, they were normalized (Figure 2 ). This enhances the precision of the final prediction. Further normalization on conventional well logs losing the units, is not desired. Figure 2 . Probabilistic density frequencies of (a) R distribution, and (b) log(R ) distribution, which indicate that R follows a log-normal distribution.
Area of Study Kupal Field
Kupal oil field is located 60 km east of Ahwaz city. The first well drilled in this field led to the discovery of oil in 1965 and production was started after installing production facilities in 1970. This field is 60 km in length 1.5 km wide and includes two reservoir formations (Asmari and Bangestan). Figure 3 shows the location of the Kupal oil field and underground counter map for the top of Asmari. The Asmari formation in Kupal oil field is composed of fossilifrous limestone, dolomitic limestone, argilious limestone, sandstone and shale and constitutes the major reservoir rock for several oil fields of Iran. The geological age of Asmari deposition is OilgoMiocene. Figure 4 shows the lateral facies change of the Asmari formation in Iran together with its position in the stratigraphical column.
Results
Derived Correlations for Shear Wave Velocity
In the genetic algorithm approach, a fitness function is defined and minimized. The fitness functions related to this study are as follows
MSE PL , MSE and MSE refer to the MSE of power law, exponential, and trigonometric equations respectively.
T is the target value and is the number of training data. The genetic algorithm starts with a randomly chosen population of 20 individuals while the initial range is set to [0 1]. Chromosomes of each population are optimized by virtue of the pattern search technique. The Maximum number of generations, specifying the maximum number of genetic algorithm iterations, is set to 1000. Subsequent generations are produced by applying genetic operators, including reproduction, crossover, and mutation processes to preceding populations. Crossover fraction and elite count (number of individuals reproduced in the next population) are regulated to 0.72 and 2, respectively. The mentioned settings are quite similar in all three runs of genetic algorithm.
After running the GA with the pattern search hybrid function ( Figure 5 ), optimal coefficients of each equation were obtained. Constant coefficients related to each equation are listed in Table 2 . The best fitness scores in Figure 5 refer to the lowest mean square error achieved by the extracted constant coefficients. This figure confirms the derived formulas for the estimation of the shear wave velocity provided reliable results. The measured MSEs for the power law, exponential, and trigonometric correlations in the test data were equal to 0.0093, 0.0107, and 0.0088, respectively. A comparison between measured and predicted values, using derived correlations, is shown in Figure 6 . This figure illustrates that there is a good agreement between estimated values for shear wave velocity and reality. Furthermore, correlation coefficients between measured and predicted values are illustrated in Figure 7 . High values of correlation coefficients prove the success of the hybrid genetic algorithm-pattern search technique in developing formulas estimating shear wave velocity from conventional well log data. 
Neuro-Fuzzy Reaping of Derived Correlations
In this stage of the study, an adaptive neuro-fuzzy inference system is constructed to reap the benefits of all the correlations through combining them. Due to the different natures of the derived correlations, they might overestimate/underestimate in some region relative to each other. The neuro-fuzzy technique can compensate for the effect of overestimation/underestimation, to some extent, through the use of fuzzy rules. Therefore, outputs of different correlations, including power law, exponential, and trigonometric equations, were used as inputs of neurofuzzy model, while shear wave velocity is output of neurofuzzy model.
A subtractive clustering approach was used to extract membership functions of both inputs and output. To extract the optimal number of clusters, a set of clustering radii, ranging from 0 to 1, was introduced to neurofuzzy model. Subsequently, a hybrid optimization method that combines the least square estimations with backpropagation was used to adjust parameters involved in the membership functions. The performance of the neuro-fuzzy model for test data was simultaneously evaluated at each stage. The model with the lowest error was chosen as the optimal one (Figure 8 ). Accordingly, a specification of 0.4 for the clustering radius resulted in the optimal model which is meant to predict shear wave velocity. Each input was bunched into four Gaussian clusters ( Figure 9) .
A set of 'if-then' rules were generated to formulate input data to output. Generated fuzzy rules are as follows.
Rule 1:
If ( −PL is very low) and ( − is very low) and ( − is very low) then ( is very low)
Rule 2:
If ( −PL is low) and ( − is low) and ( − is low) then ( is low)
Rule 3:
If ( −PL is high) and ( − is high) and ( − is very high) then ( is high)
Rule 4:
If ( −PL is very high) and ( − is very high) and ( − is high) then ( is very high) A comparison between measured and predicted shear wave velocity, by the neuro-fuzzy combination of derived correlations, is shown in Figure 10 . This figure verifies that neuro-fuzzy reaping of derived formulas considerably enhances the accuracy of the final prediction.
In addition, the correlation coefficient between measured and predicted values is illustrated in Figure 11 to show superiority of neuro-fuzzy reaping of formulas to each individual formula.
Discussion
In this study, a novel approach was followed to predict shear wave velocity from conventional well log data. Hitherto, several researchers have presented some empirical correlations for shear wave velocity prediction. The following correlations include some of the most practical correlations for shear wave velocity prediction. Pickett [5] :
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Castagna et al. A comparison between the aforementioned empirical formulas and the final results of this study could indicate the superiority of proposed methodology ( Figure 12 ). Furthermore, a comparison between the different methods used in this study versus correlation coefficient and mean square error (MSE), is illustrated in Figure 13 . It shows that the proposed method called neuro-fuzzy reaping of shear wave velocity correlations derived by hybrid genetic algorithm-pattern search, performed more effectively compared with the individual derived and empirical correlations. A comparison between the proposed method and individual intelligent systems in the literature including neural network and fuzzy logic using concept of correlation coefficient and mean square error is available in Table 3 . Results indicate the superiority of the proposed integrated method to the individual intelligent method. Results of neural network and fuzzy logic are extracted from a work by Asoodeh and Bagheripour [16] . The proposed method outperformed previous methods in the literature owing to the following reasons:
• appropriate input selection (i.e. appropriate conventional well log data),
• appropriate formula structures determination,
• efficient performance of hybrid genetic algorithmpattern search technique,
• and neuro-fuzzy combination of derived formulas using the divide and conquer principle.
Combining all the above factors provides a sophisticated approach for estimating shear wave velocity. It is obvious that both the greater number of input parameters and mathematical approaches results in higher accuracy. However, it is impossible to quantify how much of this progress is attributed to the mathematical model or the greater number of input parameters. The divide and conquer principle, explained in appendix A demonstrates why the neuro-fuzzy combination of derived formulas enhances the accuracy of the final prediction. Conventional well log data, cheaply available in almost all wells provide invaluable data for shear wave estimation. These logs are commonly run for all wells due to different purposes. Therefore, extra appliance of these logs for shear wave velocity estimation is some sort of net profit. Thus, with a little time the proposed strategy can be established for deriving shear wave velocity data from conventional well log data.
Conclusions
Shear wave velocity is a crucial physical characteristic of reservoir rocks. In this study, hybrid genetic algorithmpattern search (GA-PS) technique was employed for establishing different forms of correlations estimating shear wave velocity from conventional well log data. It was shown that the hybrid GA-PS technique is a robust tool for curve fitting purpose. Furthermore, for readers unfamiliar with neuro-fuzzy systems, derived correlations can independently be used for estimating shear wave velocity profiles of other wells in this field. To improve the accuracy of the final predictions, a neurofuzzy technique was used to combine results of derived correlations. Generally, in conditions where there are multiple options to solve a problem, the accuracy of target predictions can be improved through the neurofuzzy combination of different solutions. Implementation of the proposed methodology provides an accurate, quick, and cost-effective way of estimating shear wave velocity from conventional well log data for wells that have no such data.
Appendix A: Divide and Conquer Principle
The divide and conquer principle suggests that integration (or committee machine) of simple methods provide more accurate results considering the following justification. Assuming N methods with output vector O are employed to predict target vector T . The error of prediction is then demonstrated by the following equation
The expectation of the squared error for the th method (O ) is:
where ζ[ ] denotes the expectation. The average mean square error for individual methods, acting alone is defined by the following equation.
This equation can be extended as below. 
Therefore, the mean square error of prediction for committee machine is defined as:
This equation can be extended as below.
Considering following Cauchy's inequality:
( 
And comparing (A4) and (A6) with Cauchy's inequality (A8), it is simply deduced that the error of committee machine is less than or equal to the average error of all methods acting alone.
E C M ≤ E (A9)
This means that the neuro-fuzzy method enhances accuracy of final prediction through the subspace linear integration of derived formulas.
